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 A B S T R A C T

Voice user interfaces (VUIs) have been a major focus of human–computer interaction research over the past two 
decades. Advances in voice and emotion recognition have significantly enhanced their capabilities. However, 
VUIs still struggle to produce responses that fit the user’s emotions in various contexts. Meanwhile, the 
growing demand for on-device intelligence makes efficient operation on resource-constrained edge devices 
increasingly important. To address these issues, this study presents an emotion-aware VUI framework designed 
for edge devices. The framework includes a lightweight multimodal emotion recognition model that integrates 
electroencephalogram signals and facial expressions. Furthermore, to enable on-device efficiency, this paper 
applies filter pruning to remove redundant filters. It uses cross-layer ranking together with k-reciprocal nearest-
filter selection. This improves cross-layer consistency and preserves salient representations while sharply 
reducing computation. Post-training quantization is then applied to further shrink model size and memory 
traffic, lowering latency without harming accuracy. Finally, a response-customization module dynamically 
refines system outputs based on the recognized emotions. The experimental implementation on actual edge 
devices demonstrates that the proposed system effectively adapts the interaction types to the emotions of the 
users. In addition, the proposed model achieves low latency and resource-efficient performance.
. Introduction

VOICE-BASED user interface (VUI), also known as a voice agent, is 
 verbal and auditory interaction with a computer-based system with 
oice as input and output. Several researchers are making continuous 
fforts to develop VUI and its related voice-based technologies. Such 
echnological advancements aim to have a seemingly more natural 
ommunication with VUIs as if a human is socially interacting with 
nother person [1–3]. To achieve that, the VUI systems must under-
tand the context of the users. VUI systems without an understanding 
f the user context often cause issues in performing tasks and usually 
ail to meet the expectations of humans. To resolve this issue, some 
esearchers proposed an adaptive VUI that automatically adjusts the 
ystem parameters based on the understanding of the user context [4–
].
Previous studies have sought to establish new ergonomic criteria for 

UIs by modeling interpersonal conversations [7]. They also emphasize 
he need to account for individual differences in human characteris-
ics [8]. In practice, people prefer different interaction styles; thus, 
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user characteristics and preferences must be incorporated for optimal 
interaction. Beyond traits and preferences, accurately inferring the 
user’s emotional state is also crucial for configuring VUI parameters and 
responses. Emotions are mental states associated with internal chemical 
and physiological changes and with external expressions such as facial 
expressions, posture, movements, and speech [9]. Although emotions 
are not directly measurable, they can be inferred from expressive cues, 
self-reports, physiological indicators, and context. Numerous methods 
leverage both physiological and non-physiological signals [10]. Non-
physiological signals including speech, facial expression, gesture, and 
pose [1,10–16] are easy to capture but can yield biased estimates [17,
18]. Consequently, many works advocate the use of physiological sig-
nals [19–22], such as electroencephalograms (EEG), electrooculograms, 
electrocardiograms (ECG), galvanic skin response,muscle activity or 
electromyogram, photoplethysmography (PPG), pulse of blood volume 
and respiration. Nevertheless, relying on a single signal type still limits 
recognition accuracy.
ttps://doi.org/10.1016/j.knosys.2026.116458
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To address the limitations of single modalities, multimodal emotion 
recognition has been widely explored. Chang et al. [23] combined facial 
expression, skin conductance, finger temperature, and heart rate to 
achieve 95% accuracy. Likewise, Dutta and Ganapathy [24] proposed 
a dual-encoder that fuses semantic and acoustic representations for 
speech emotion recognition, improving generalization across diverse 
datasets. Moreover, multimodal approaches have been shown to out-
perform single modalities such as facial expression combined with ei-
ther PPG or EEG alone [21,25]. Accordingly, in these studies, emotions 
elicited during VUI interactions are recognized by pairing EEG or PPG 
with facial expressions, enabling deeper access to underlying affective 
states. By processing physiological and non-physiological cues together, 
advanced interfaces can infer user emotions with greater fidelity. Prior 
VUI-focused efforts illustrate this direction: Hu et al. [26] used acous-
tic speech features to classify sentiment (positive/negative/neutral) 
during interactions with conversational agents and to generate em-
pathetic responses. Swoboda et al. [27] compared physiological fea-
tures (e.g., electrodermal activity, facial micro-expressions) and speech 
features to predict the intensity of users’ emotional responses.

Despite these advances, several gaps remain. Although multimodal 
signals have been shown to improve emotion recognition, many ex-
isting approaches primarily focus on recognition accuracy rather than 
on how the recognized emotional state can be translated into adaptive 
VUI responses under edge-device constraints. Non-physiological cues 
are vulnerable to bias and subjectivity [17,18]. Fusion is often shal-
low or late, underutilizing complementarities between EEG/PPG and 
facial features [21,25]. Personalization remains limited despite clear 
inter-individual differences [7,8]. Moreover, on-device constraints are 
frequently overlooked, limiting the practical deployment of emotion-
aware VUI systems [26,27]. These observations suggest that the rep-
resentation of emotion is decisive for VUI performance. Therefore, 
we move from discrete labels to a dimensional formulation to enable 
continuous tracking. This shift supports edge-suitable policy design and 
motivates pairing EEG with facial features.

Aside from improving the performance of VUI by using multimodal 
signals, different types of emotions can also be considered. That is, 
the accuracy of emotion recognition also depends on the type of emo-
tions that are recognized. Most studies in literature classify emotions 
in a discrete or dimensional way. Discrete emotions include happi-
ness, sadness, surprise, fear, disgust, and anger. On the other hand, 
dimensional emotions include dimensions such as valence, arousal, 
dominance, and liking. Using discrete emotions is less complex than 
using dimensional emotions. However, dimensional emotions offer a 
more fundamental and detailed explanation of the relationship between 
emotions and behaviors. Among dimensional emotions, arousal and 
valence are commonly used in the field of psychology. In fact, several 
researchers have classified emotions using the dimensions of valence, 
arousal, dominance, and liking [28–30]. Subsequently, each discrete 
emotion is plotted on a 2D plane, with arousal and valence serving as 
the horizontal and vertical axes, respectively.

The types of emotions recognized by the VUI system directly affect 
its performance. Specifically, basic discrete emotions such as fear and 
disgust are rarely observed in short, query-oriented interactions. Addi-
tionally, observing the intensity and temporal variations of emotions 
during the interaction is important for understanding the overall emo-
tional state. Given these challenges, our approach shifts from discrete 
labels to a dimensional representation, enabling a more fine-grained 
extraction of emotional output. While arousal and valence can capture 
continuous changes in user emotion, assessing user satisfaction using 
only traditional VUI methods has limitations. To overcome this, we 
introduce two user-centric dimensions: stability and favorability to 
quantify satisfaction. To effectively measure these dimensions, we inte-
grate facial video and EEG data. Within this context, EEG is adopted as 
the physiological modality of choice. It is non-invasive, cost-effective, 
and offers millisecond-level temporal resolution for rapid emotional 
changes. In contrast to fMRI and fNIRS, which exhibit high latency and 
2 
limited portability, EEG is available via wearable devices and integrates 
readily with edge-based VUI systems [31,32]. In addition, peripheral 
biosignals such as ECG and PPG reflect slower autonomic dynamics 
and are more susceptible to contextual confounds. By contrast, EEG 
offers more direct neural correlates of arousal and valence for short, 
query-oriented interactions. Facial video captures subtle expressions 
that indicate favorability, while EEG provides insights into the stability 
of the user’s emotional state [32]. By combining these modalities, 
the system estimates both dynamic emotional changes and overall 
satisfaction via the predicted ‘favorability’ and ‘stability’ scores.

Regarding the implementation of on-device VUIs, several studies 
have investigated edge-based approaches [33–36]. However, a com-
plete end-to-end deployment on edge devices has not yet been demon-
strated. In this work, we present a comprehensive process from signal 
generation to user-adaptive response optimized for efficient edge im-
plementation. In this context, computational efficiency becomes a key 
requirement for practical edge-based VUI deployment. To reduce the 
computational complexity of the proposed multimodal VUI system, a 
state-of-the-art pruning scheme is integrated into the framework. In 
particular, cross-layer ranking with 𝑘-reciprocal nearest filters (CLR-
RNF) [37] is employed. Unlike conventional magnitude- or heuristic-
based pruning approaches [38–40], the relative importance of filters 
across layers is evaluated using a cross-layer ranking strategy in CLR-
RNF. Redundant filters are subsequently eliminated via a 𝑘-reciprocal 
nearest selection mechanism. This process effectively preserves the 
representational diversity of convolutional filters while substantially 
reducing the overall parameter count and floating-point operations 
(FLOPs). Combined with post-training quantization techniques [40–
42], the pruning process enables the proposed VUI model to maintain 
high emotion recognition accuracy under strict latency and memory 
constraints. Consequently, the final network achieves a practical bal-
ance between recognition performance and computational efficiency, 
making it suitable for multimodal inference on resource-constrained 
edge platforms.

The above studies provide important foundations for emotion-aware 
VUI systems, multimodal emotion recognition, and efficient model 
deployment. However, most existing approaches address these aspects 
separately. Studies on adaptive VUIs mainly emphasize user-context-
aware interaction, but they often lack a complete pipeline that links 
multimodal emotion inference to concrete response adaptation. Multi-
modal emotion recognition methods improve the robustness of affec-
tive state estimation by combining physiological and non-physiological 
cues, but many of them focus primarily on recognition accuracy with-
out fully considering real-time edge constraints. Meanwhile, pruning 
and quantization techniques effectively reduce model size and compu-
tational cost, but they are usually investigated as standalone model-
compression methods rather than as part of an emotion-aware VUI 
system. Therefore, a unified framework that jointly considers multi-
modal emotion representation, adaptive VUI response generation, and 
edge-oriented computational efficiency is still needed.

Building on the motivations and limitations mentioned above, this 
paper develops a compact, emotion-aware VUI system optimized for 
edge devices. The primary contributions are as follows:

• Lightweight multimodal emotion-aware VUI framework for 
edge devices. This paper presents a compact framework that 
integrates physiological (EEG) and non-physiological (facial ex-
pression) signals. Our response-customization module provides 
the adaptive interactions based on recognized emotions.

• Edge-oriented model optimization with CLR-RNF pruning 
and post-training quantization. Per-layer sparsity is determined 
via a computation-aware importance metric and cross-layer rank-
ing. The retained filters are selected by the k-reciprocal nearest-
filter rule. After pruning, uniform INT8 quantization is applied, 
yielding 4× lower memory and reduced latency.
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Fig. 1. Block diagram of developing emotion recognition models with two modalities, facial expression and EEG signals.
• Two novel dimensional emotion axes: stability and favor-
ability. These axes provide a continuous, interpretable repre-
sentation that maps to user satisfaction levels. They capture 
emotional coherence and evaluative valence that conventional 
discrete-category models do not express effectively.

2. Emotion recognition framework

The paper proposes a user-adaptive VUI system capable of auto-
matically adjusting its interaction style based on the user’s emotional 
state. A multimodal emotion recognition model using facial expressions 
and EEG is developed, consisting of training and classification phases. 
Emotions are represented along two axes: stability and favorability. 
Which are mapped to satisfaction levels to determine whether the user 
approves of the VUI’s response type. Multimodal signals and emotion 
variations from different interaction styles are used to train a neural 
network to classify satisfaction states, while a scheduling mechanism 
extracts temporal features for synchronized adaptation. To support 
deployment on resource-limited edge devices, the system integrates 
model optimization techniques such as CLR-RNF pruning and INT8 
post-training quantization, enabling efficient real-time inference with 
minimal performance loss. The lightweight framework is designed with 
edge constraints in mind, forming a basis for future emotion-aware VUI 
applications. The overall framework is summarized in Fig.  1.

2.1. Model development

This section presents the development of emotion recognition model 
that infers the user’s emotion based on multimodal signals, consist-
ing of facial expression and EEG signals. In the training phase, the 
facial expression-based emotion recognition (FER) and EEG-based emo-
tion recognition (EER) models are developed by training each neural 
network using the multimodal training data labeled with emotions. 
Each collected data is preprocessed by detecting and cropping face 
or filtering EEG data before feeding it to the neural network. For 
the neural network, distract your attention network (DAN) [43] and 
ShallowNet [44] architectures are employed to build the FER and EER 
model, respectively. This architectural choice is driven by the need 
to achieve a balance between recognition performance and compu-
tational efficiency, which is critical for real-time edge deployment. 
3 
Although transformer-based models have recently demonstrated strong 
performance in modeling long-range dependencies, they are typically 
associated with high computational complexity, large memory foot-
print, and significant energy consumption. Such characteristics pose 
challenges for deployment on resource-constrained edge systems with-
out additional optimization [45,46]. Furthermore, in the context of EEG 
analysis, transformer-based models often require large-scale datasets 
to ensure stable training and may suffer from overfitting and unstable 
generalization under data-constrained and noisy conditions, which are 
common characteristics of EEG signals [47]. Therefore, this work em-
ploys lightweight and modality-specific architectures to ensure efficient 
and reliable on-device inference. In the classification phase, facial 
expression and EEG data are acquired in real-time and preprocessed to 
be fed into the FER and EER models. Each model is deployed in the VUI 
system in order for emotions to be recognized by the models. In this 
work, two primary emotion axes are used: stability and favorability. 
The favorability is inferred based on the facial expression and the 
stability is inferred based on the EEG signal. Each emotion is recognized 
by obtaining satisfaction states consisting of satisfied and dissatisfied. 
Depending on the satisfaction state, stability can be classified as either 
‘stable’ or ‘unstable’ and favorability can be classified as either ‘favored’ 
or ‘unfavored’. The detailed classification methods are discussed in the 
following.

Fig.  2 illustrates the DAN architecture used in our FER model. DAN 
is a multi-head cross-attention network comprising a feature extraction 
phase and an attention phase. The feature extraction phase employs 
a feature clustering network (FCN) built on a ResNet18 backbone [48] 
pretrained on the MS-Celeb-1M dataset [49], and is supervised through 
contrastive learning to obtain a more discriminative 512-dimensional 
feature representation. The attention phase includes two modules: the 
multi-head cross attention network (MAN) and the attention fusion 
network (AFN). MAN contains parallel spatial and channel attention 
units (blue and green in Fig.  2), using convolutional layers for spatial 
features and a fully connected layer for channel features to generate 
multiple attention maps. AFN then merges these maps to avoid redun-
dancy (red in Fig.  2) and produces the final prediction feature map, 
which is passed to a dense layer for classification. The DAN outputs 
class probabilities via SoftMax. Further details on the DAN framework 
can be found in [43].

To obtain feature representations better suited for our study, the 
DAN architecture replaces its original ResNet18 backbone with
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Fig. 2. An architecture of DAN utilized for the facial-expression based emotion 
recognition model.

Fig. 3. Architecture of ShallowNet utilized for the EEG based emotion recog-
nition model.

ResNet50 in the FCN module, as shown in Fig.  2. ResNet50 is pretrained 
on the large-scale VGGFace2 dataset, and its effectiveness for in-the-
wild emotion classification was demonstrated in our previous work [50,
51]. Using DAN with ResNet50, we achieved competitive results on the 
challenging 8-class facial expression recognition task defined in [52] 
(six basic emotions plus ‘‘neutral’’ and ‘‘other’’), outperforming a base-
line method [53] (VGG16 [54] pretrained on VGGFace [55]) by 11.6% 
mean F1-score and ranking second in the challenge [53]. Building on 
this improvement, DAN with ResNet50 is fine-tuned on our custom 
dataset for binary satisfaction classification. The model is retrained 
using a batch size of 120, the Adam optimizer (learning rate 1e−4), and 
40 epochs on a high-end multi-GPU server. The resulting FER model 
has 45,962,448 trainable parameters, which are kept frozen in the final 
study.

For the EER model, a shallow convolutional neural network (Shal-
lowNet) is adopted, consisting of two convolutional layers, one pooling 
layer, and one dense classification layer, as shown in Fig.  3 [44]. 
Designed to mimic the widely used FBCSP method, ShallowNet extracts 
spatial–spectral–temporal EEG features: the first and second convolu-
tional layers act as temporal and spatial filters, while the subsequent 
layers perform mean pooling and classification. ReLU is used as the 
activation function for all layers, and the final fully connected layer 
outputs class probabilities via SoftMax. The EEG dataset is divided into 
training and validation sets (8:2), and the network is trained with the 
Adam optimizer (learning rate 0.001) for 200 epochs, minimizing MSE 
loss. Dropout (0.5) and batch normalization (0.1) are also applied. The 
final EER model contains 21,922 trainable parameters, which are kept 
frozen in this study.
4 
2.2. Filter pruning and quantization

To enable lightweight deployment on resource-constrained edge 
platforms, this paper adopts a two-stage pipeline: structured filter prun-
ing via CLR-RNF, followed by post-training quantization, applied to 
both FER and EER models. The pruning stage begins with a
computation-aware importance measure for individual weights to avoid 
magnitude-only bias. Next, cross-layer ranking is performed to identify 
and remove bottom-ranked weights, which induces per-layer spar-
sity that defines the pruned structure. On top of this structure, a 
recommendation-based filter selection is used: each filter recommends 
its nearest peers. Preserved filters are then chosen by the k-reciprocal 
nearest-filter rule, i.e., the intersection of mutual-neighbor groups. Both 
the structure derivation and k-reciprocal nearest-filter selection are 
non-learning procedures, substantially reducing pruning complexity 
and ensuring consistent cross-layer sparsity while preserving salient 
representations. After pruning, post-training quantization is applied 
to enable 8-bit inference, reduce memory footprint (4×), and lower 
latency without retraining. The setup uses uniform 8-bit, per-channel 
activations, per-tensor weights, and a calibration set to estimate scale. 
The resulting compressed models are denoted Q-FER and Q-EER. In 
this study, the FER network with 45,962,448 parameters undergoes 
a global pruning ratio of about 60%. The EER network with 21,922 
parameters is already lightweight. Therefore, only 10% minor pruning 
is applied to preserve model stability. After pruning, both networks 
are uniformly quantized to 8-bit precision per-channel for activations 
and per-tensor for weights, resulting in a nearly fourfold reduction 
in memory footprint. This combined pruning–quantization strategy 
yields compact FER and EER variants that preserve accuracy while 
achieving low-latency, memory-efficient inference suitable for edge 
device deployment.

2.2.1. Structured filter pruning
Let the pretrained FER and EER networks contain 𝐿 convolutional 

layers,  = {𝐶1, 𝐶2,… , 𝐶𝐿}. Each layer 𝐶𝑖 includes 𝑛𝑖 filters 𝐖𝑖 =
{𝐰1

𝑖 ,𝐰
2
𝑖 ,… ,𝐰𝑛𝑖

𝑖 }, where 𝐰
𝑗
𝑖 ∈ R𝑐𝑖−1×ℎ𝑖×𝑤𝑖  denotes the 𝑗th filter in layer 

𝑖. The pruning goal is to produce a compact model ̄ = {𝐖̄1,… , 𝐖̄𝐿}, 
where each 𝐖̄𝑖 retains 𝑛̄𝑖 = ⌊(1− 𝑝𝑖)𝑛𝑖⌋ filters according to the adaptive 
per-layer pruning rate 𝑝𝑖.
(a) Computation-aware importance: The importance of each weight 
element is defined as 

𝛼𝑗𝑖,𝑞 =
|(𝐰𝑗

𝑖 )𝑞|
(FLOPs𝑖)𝜆

, (1)

where FLOPs𝑖 denotes the computational cost of layer 𝑖 and 𝜆 ≥ 0
balances sparsity and efficiency. Smaller 𝛼𝑗𝑖,𝑞 indicates less important 
weights.

(b) Global pruning and layer-wise sparsity: Weights with the lowest 
𝛼𝑗𝑖,𝑞 are removed according to the global pruning rate 𝑝: 

(𝐰̄𝑗
𝑖 )𝑞 =

{

0, if 𝛼𝑗𝑖,𝑞 belongs to the lowest-ranked set,
(𝐰𝑗

𝑖 )𝑞 , otherwise.
(2)

The effective pruning ratio of layer 𝑖 is 

𝑝𝑖 = 1 −

∑𝑛𝑖
𝑗=1

∑𝑐𝑖−1ℎ𝑖𝑤𝑖
𝑞=1 𝛿((𝐰̄𝑗

𝑖 )𝑞 ≠ 0)

𝑛𝑖 𝑐𝑖−1ℎ𝑖𝑤𝑖
, (3)

where 𝛿(⋅) equals 1 when the condition holds and 0 otherwise.
(c) Reciprocal filter selection: To preserve feature diversity, a 𝑘-recipro
nearest filter scheme is adopted. The similarity between two filters 𝐰𝑗

𝑖
and 𝐰ℎ

𝑖  is given by 

𝑆𝑗ℎ
𝑖 =

exp(−‖𝐰𝑗
𝑖 − 𝐰ℎ

𝑖 ‖
2
2)

∑𝑛𝑖 𝑗 𝑔 2
. (4)
𝑔=1 exp(−‖𝐰𝑖 − 𝐰𝑖 ‖2)
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The 𝑘 nearest neighbors of each filter are defined as 

 𝑘
𝐰𝑗
𝑖
= {𝐰ℎ

𝑖 ∣ 𝑅𝑗ℎ
𝑖 ≤ 𝑘}, 𝑅𝑗ℎ

𝑖 = 1 +
𝑛𝑖
∑

𝑔=1
𝛿(𝑆𝑗𝑔

𝑖 > 𝑆𝑗ℎ
𝑖 ). (5)

The pruned filter set of layer 𝑖 is obtained as 

𝐖̄𝑖 =
𝑛𝑖
⋂

𝑗=1
 𝑘

𝐰𝑗
𝑖
, (6)

ensuring that only mutually close filters in feature space are retained. 
In practice, the parameter 𝑘 is not fixed but adaptively determined for 
each layer based on the target number of retained filters 𝑛̄𝑖. Specifically, 
𝑘 is progressively increased until the cardinality of the selected filter 
set satisfies |𝐖̄𝑖| = 𝑛̄𝑖. This adaptive strategy accounts for layer-wise 
variations in filter similarity distributions and avoids the limitations of 
a fixed 𝑘, which may lead to over-pruning or redundant filter retention. 
Finally, the pruned network is fine-tuned to recover potential accuracy 
loss.

2.2.2. Post-training quantization
After pruning, all convolutional weights are uniformly quantized 

to 8-bit integers. For a full-precision weight 𝑤𝑓 , quantization and 
dequantization are defined as 

𝑤𝑞 = round
(𝑤𝑓

𝑠

)

, 𝑤̂𝑓 = 𝑠 ⋅𝑤𝑞 , (7)

where 𝑠 = max(|𝑤𝑓 |)
2𝑏−1−1  is the scaling factor for bit-width 𝑏 = 8. Per-channel 

dynamic ranges are estimated for activations using a small calibration 
set.

The complete pipeline is summarized in Algorithm 1. The resulting 
Q-FER and Q-EER models achieve significant reductions in parameters 
and FLOPs, enabling real-time multimodal inference on edge devices 
with minimal accuracy loss.

This pruning-quantization design reflects the trade-off between 
model complexity and computational efficiency in the proposed edge-
oriented VUI system. A higher pruning ratio can further reduce param-
eters and FLOPs, but excessive pruning may remove salient filters and 
degrade recognition accuracy. Therefore, different pruning ratios are 
assigned according to the computational characteristics of each branch: 
the FER branch is compressed more strongly as the main computational 
bottleneck, whereas the EER branch is only lightly pruned to preserve 
model stability. Regarding scalability, the compressed Q-FER and Q-
EER models are shared across VUI interaction tasks, so increasing 
the number or diversity of tasks does not necessarily require separate 
emotion recognition backbones. Instead, task diversity mainly affects 
the response adaptation stage, where recognized emotional states are 
mapped to a larger set of response types or interaction strategies. If 
future applications require additional modalities, finer-grained emotion 
categories, or more complex task-specific reasoning modules, the same 
CLR-RNF pruning and INT8 quantization strategy can be extended to 
newly added modules to maintain real-time and memory-efficient edge 
operation.

In this study, each emotion recognition model classifies the user’s 
satisfaction state, either satisfied or dissatisfied, using a SoftMax output 
layer. SoftMax normalizes the outputs to probabilities between 0 and 
1, and the class is determined by a 0.5 threshold: probabilities above 
0.5 are labeled as satisfied, otherwise dissatisfied. These satisfaction 
states are then mapped onto the two-dimensional emotion plane (Fig. 
4). For example, if both stability and favorability are classified as 
satisfied, the emotion is mapped to the ‘‘stable–favored’’ quadrant. Two 
modalities are used: facial expression data for favorability (handled by 
the compressed FER model) and EEG signals for stability (handled by 
the compressed EER model). The resulting probability scores are placed 
on the x- and y-axes of the emotion plane. Performance of both models 
is evaluated through 5-fold cross-validation on a subject-specific offline 
dataset.
5 
Algorithm 1 Computation-aware filter pruning and quantization
Input: Trained FER and EER networks  = {𝐖1,… ,𝐖𝐿}, global pruning 
rate 𝑝
Output: Compressed and quantized models (Q-FER, Q-EER) for real-time 
inference

Stage 1: Structured filter pruning
Compute weight importance

1: for 𝑖 = 1 to 𝐿 do
2:  for 𝑗 = 1 to 𝑛𝑖 do
3:  for each weight (𝐰𝑗

𝑖 )𝑞 ∈ 𝐰𝑗
𝑖  do

4:  Compute importance 𝛼𝑗
𝑖,𝑞 =

|(𝐰𝑗
𝑖 )𝑞 |

(FLOPs𝑖)𝜆
5:  end for
6:  end for
7: end for
Global ranking and pruning

8: Rank all weights by 𝛼𝑗
𝑖,𝑞 and prune lowest 𝑝% via Eq. (2)

9: Compute per-layer pruning rate 𝑝𝑖 using Eq. (3)
kk-reciprocal nearest filter selection

10: for 𝑖 = 1 to 𝐿 do
11:  Initialize 𝑘 = ⌊(1 − 𝑝𝑖)𝑛𝑖⌋, 𝐖̄𝑖 = ∅
12:  while |𝐖̄𝑖| ≠ 𝑛̄𝑖 do
13:  Compute similarity 𝑆𝑗ℎ

𝑖  using Eq. (4)
14:  Compute closeness rank 𝑅𝑗ℎ

𝑖  and
15:  Form neighbor sets  𝑘

𝐰𝑗
𝑖
 using Eq. (5)

16:  Obtain intersection 𝐖̄𝑖 =  𝑘
𝐰1

𝑖
∩⋯ ∩ 𝑘

𝐰𝑛𝑖
𝑖

17:  𝑘 ← 𝑘 + 1
18:  end while
19: end for

Stage 2: Post-training quantization
20: for each weight tensor 𝐖̄𝑖 do
21:  for each element 𝑤𝑓 ∈ 𝐖̄𝑖 do
22:  Compute scale factor 𝑠𝑖 =

max(|𝑤𝑓 |)
2𝑏−1 − 1

 with 𝑏 = 8
23:  Quantize 𝑤𝑞 = round(𝑤𝑓∕𝑠𝑖)
24:  Dequantize 𝑤̂𝑓 = 𝑠𝑖 ⋅𝑤𝑞
25:  end for
26: end for
27: Fine-tune the quantized model to recover accuracy
28: return ̂ (Q-FER and Q-EER)

Fig. 4. Emotion plane where the models classify the emotion into one of four 
quadrants (Q1, Q2, Q3, Q4) and map the probability value of satisfaction.

2.3. Data preprocessing

To construct the emotion recognition models, facial images and 
EEG signals are processed using separate pipelines. Facial data are first 
trimmed to remove background noise, and DeepFace [56,57] is used to 
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Fig. 5. Scheduling mechanism in proposed framework.

detect and crop the face region. Each cropped face is then resized to 224 
× 224 before being fed into the FER model. EEG preprocessing is per-
formed using SciPy and MNE-Python [58,59]: raw data are segmented, 
notch-filtered at 59–61 Hz, bandpass-filtered between 1–80 Hz, and 
downsampled from 1,000 Hz to 200 Hz to reduce computational cost. 
Fourteen channels located around the frontal, temporal, and temporal-
central regions (FP1, FP2, FT9, T7, TP9, TP10, T8, FT10, FT7, C5, 
TP7, TP8, C6, FT8) are used for model training. These channels are 
selected from the sixty-four collected channels to reduce computational 
cost while preserving EEG regions relevant to emotion recognition [60], 
following prior reduced-channel EEG emotion-recognition studies [61]. 
Artifacts caused by noise and user movement are removed using ICA 
implemented in MNE-Python [59].

2.4. Task scheduling

In this paper, scheduling is employed to extract the data from 
different modalities at a certain timing. The input data to feed the 
emotion recognition model is a bimodal signal that is collected while 
the user listens to the VUI’s response. For this purpose, the proposed 
VUI requires a scheduling mechanism to extract data by capturing the 
moment of the start and end of the response. Fig.  5 shows the process of 
extracting each signal collected in valid timing, i.e., during the response 
audio playback. In terms of facial input data, the timestamps of the 
start and end of the VUI response audio playback are saved as the local 
variables. Simultaneously, in the FER code block, every image frame 
streamed per second is stored as an array in a key–value pair format 
along with the current timestep. The incoming image streaming data 
are trimmed to crop the face. Thereafter, this cropped face image is 
resized and converted into an array and stored with the timestamp 
in a key–value pair format. By doing so, facial data collected during 
the audio playback is extracted based on the time information. As an 
example, if the trial start time, audio start time, and audio end time 
are given as 15:03:05, 15:03:17, and 15:03:20, respectively, the image 
frame from 15:03:17 until 15:03:20 are extracted only. Therefore, 
considering that only one frame is selected per second, only three 
frames are extracted and supplied to the FER model for classification. 
On the other hand, valid EEG input data is extracted by monitoring the 
audio playback using the pygame library, which can start the playback 
of the audio file and monitor whether the audio is playing or not. 
While the EEG recording device records the EEG signals, real-time data 
is simultaneously transmitted from the recording device to the edge 
device, where a VUI system is deployed. To this end, remote data access 
(RDA) program, which can be activated in the recording software, is 
utilized to stream EEG signals from recording device to the external 
device located in the local network area. Therefore, the network is 
placed between the EEG recording device and the VUI system to acquire 
the EEG signals in real-time before starting the interaction. With the 
audio monitoring library, the response audio of the VUI is played and 
streaming of the EEG signals is activated only while the audio is playing 
using RDA program. Finally, EER and FER models can successfully 
extract valid input data.
6 
Fig. 6. Flow chart of proposed customizing engine.

Fig. 7. Scheduling mechanism in proposed framework.

2.5. Customizing model

The customizing model within the VUI system provides personalized 
responses based on the user’s emotions, which are evaluated at the 
end of each trial using the emotion recognition models. Emotions 
are mapped onto a two-dimensional plane defined by stability and 
favorability, with the origin at (0.5, 0.5), representing the satisfaction 
probabilities of each axis. An emotion is assigned to one of four quad-
rants, with the first quadrant indicating satisfied states for both axes 
(probabilities higher than 0.5). The goal of the customizing model is to 
identify the response type that consistently leads to the first-quadrant 
outcome. As shown in Fig.  6, the model rotates through four response 
types in a random order over four trials, collects the corresponding 
emotion results, and selects the response type with the highest satisfac-
tion probability. Once the optimal type is found, the system continues 
using it in subsequent trials until a decline in satisfaction is detected, 
ensuring dynamic and personalized interaction.

3. VUI system implementation

The overall system configuration of the proposed user-adaptive VUI 
is visualized in Fig.  7. The figure shows the hardware and software 
components of the input, processing, and output blocks. After acquiring 
input data, each data is subjected to the pre-processing techniques 
in the processing block, as illustrated in Fig.  7. These preprocessing 
methods are discussed in detail below in Section 3.1. The preprocessed 
input data is utilized by the FER and EER models for the recognition of 
the user’s emotional state. The predicted emotion state is fed into the 
customizing model, which identifies a personalized interaction type. 
The proposed VUI incorporates the functionality of keyword. When the 
user verbally asks a question to VUI, the system recognizes the speech. 
To this end, the speech features are analyzed and then transcribed into 
text. Finally, the VUI generates a response by combining the customized 
response type and spotted keyword. The response is provided to the 
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Table 1
Database content summary.
 Subject annotation
 Parameter of gender in response Male, female  
 Parameter of information quantity in response Reference, short  
 Gender of participants Male, female  
 Rating scales/values 6 adjective pairs, scale −3 to 3  
 Emotion score Stability, Favorability  
 No. of the trial 120  
 Experiment details
 Number of subjects 35  
 Number of trials 120  
 Recorded signals 63-ch 1000 Hz EEG; Face video 

Fig. 8. Keyword spotting-based answer retrieving mechanism of the proposed 
VUI system.

user through the connected speaker, as shown in the output block. 
The process described above enables users to have iterative interactions 
with the VUI. The details are presented in the following subsections.

3.1. System configuration

To achieve portability and real-time performance, most processes 
are deployed on an embedded edge device equipped with a high-
performance GPU suitable for AI and parallel processing. The system 
acquires data in real time from two modalities: facial expressions and 
EEG signals. For facial data, a web camera (2 megapixels, 1920 × 1080 
resolution) operating at 30 fps is used, and one frame per second is 
selected as input to the FER model. EEG signals are recorded using a 
standard EEG amplifier, with conductive gel applied at each electrode 
site prior to measurement. After electrode placement, scalp-electrode 
impedance is checked, and recording begins only when the impedance 
is below 25 kΩ. Fourteen active electrodes are used, and the EEG 
signals are sampled at 1000 Hz, resulting in a continuous data stream 
of 1000 × 14 samples per second.

3.2. Keyword spotting

The proposed VUI supports query-based interaction, where the user 
asks a question and the system responds using one of four inter-
action types: male/simple (MS), male/reference (MR), female/short 
(FS), and female/reference (FR). To ensure natural communication, 
the user’s speech is processed in real time. As shown in Fig.  8, the 
answer-searching mechanism includes three steps: (1) speech-to-text 
conversion, (2) keyword detection, and (3) response generation. After 
the system transcribes the spoken input into text, the sentence is 
segmented into words and matched against a predefined keyword list. 
Based on the detected keyword, the system selects both the appropriate 
response and the corresponding interaction type.

3.3. Generation of training dataset

For the training database, multimodal signals are collected while the 
participants’ emotions are triggered by the distinct types of response. 
7 
Fig. 9. Schematic of the number of trials per session and detail procedure of 
each trial.

Fig. 10. Presentation for multimodal data acquisition of EEG and facial data 
while the participant is emotionally triggered by different design parameters: 
(a) data generation setup; (b) actual raw data acquired from two modalities, 
including EEG and facial data.

To this end, informative questions were randomly selected by the par-
ticipants to ask to the virtual prototype which mimics VUI interactions. 
The database contains all recorded EEG signal data and frontal face 
video for a subset of the participants. Also included is the subjective 
ratings of provided response type which varies in its parameters of 
gender and information quantity. Furthermore, statistical analysis of 
the participant’s ratings is presented via considering correlations be-
tween the ratings of emotional adjectives. By doing so, score for each 
emotion axis of stability and favorability are obtained and annotated 
with the multimodal signal for each trial. Table  1 gives an overview of 
the database contents.

3.3.1. Overall procedures
Thirty-five participants (18 males, 17 females), all Korean students 

from Kumoh National Institute of Technology with an average age of 
22.6, took part in the experiment. While the participants were recruited 
from a relatively homogeneous demographic group, this controlled 
setting was intentionally adopted to ensure consistency in multimodal 
data acquisition (EEG and facial signals), which can be sensitive to 
environmental and subject variability. As summarized in Fig.  9, the 
study consisted of two sessions on different days, each containing 
60 trials. A moderator guided participants throughout the process. In 
each trial, the participant asked one question selected from a pool of 
240, after which the VUI detected keywords and provided a response 
within about 1 s using specific design parameters (voice gender and 
response length). Following the response, a 3-second pause allowed 
physiological signals to stabilize. At the end of each trial, participants 
repeated the response they heard and rated their satisfaction through 
a self-assessment survey. These ratings were converted into emotion 
scores for the two emotion axes and used as ground-truth labels for the 
corresponding emotional states. Although the current dataset is limited 
in demographic diversity, the proposed framework is not restricted 
to this specific population and can be extended to more diverse user 
groups in future studies.

3.3.2. Emotion triggering using design parameters
The multimodal dataset is gathered while the subjects are inter-

acting with the VUI system. The dataset generation procedure aims 
to determine the emotional responses triggered by different response 
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Fig. 11. The experimental environment consisting of (a): Monitoring space, 
(b): Interaction space.

types. To this end, the VUI intentionally changes the response type by 
giving variations in several parameters of the voice. Inspired by prior 
work on VUI design parameters [62], six voice design parameters are 
initially considered in this study: gender (male, female), age (child, 
adult), honorific style (formal, informal), pitch (high, mild), informa-
tion quantity (simple, reference), and confidence (confident, timid). 
Among all design parameters, it is determined that the variations in 
‘gender’ and ‘information quantity’ showed significant effects on the 
physiological signal patterns. Hence, the VUI randomly combines those 
two parameters which are subsequently used to respond to the users. 
The response type combination includes: male/simple (MS), male/ref-
erence (MR), female/short (FS), or female/reference (FR). For gender, 
adult voices are applied. For response length, a short answer for the 
simple type and a detailed answer for the reference type are provided. 
To enable VUI to randomly choose the response type, all answers for 
every type are prepared in advance.

3.3.3. Multimodal data acquisition
Fig.  9 shows multimodal data acquisition while the emotion of the 

participant is being triggered by different response types. Fig.  10(a) 
illustrates the data generation setup, whereas Fig.  10(b) shows the ac-
tual sample data acquired from the participant. While the participants 
are provided with different response types, the face and EEG data are 
recorded simultaneously. The multimodal data acquisition is conducted 
in two spaces separated by high partitions: (1) monitoring space and 
(2) interaction space. Fig.  11 shows the actual environmental setup. In 
the monitoring space, an embedded computing device and two desktop 
PCs are placed for recording two different modalities of face and EEG 
data. In the interaction space, a webcam, EEG amplifier, microphone, 
questionnaire transcript, and speaker are placed. While the participants 
interact with the VUI, the moderator monitors the face and EEG data 
through a webcam and EEG amplifier. The speaker and microphone 
are connected to the embedded computing device, and the webcam and 
EEG amplifiers are connected to each dedicated desktop PC. During the 
whole session, facial and EEG data are continuously recorded. The face 
data is fully recorded at 30 frames per second. On the other hand, the 
EEG signal is recorded with a total of sixty-three active electrodes (FP1, 
Fz, F3, F7, FT9, FC5, FC1, C3, T7, TP9, CP5, CP1, Pz, P3, P7, O1, Oz, 
O2, P4, P8, TP10, CP6, CP2, Cz, C4, T8, FT10, FC6, FC2, F4, F8, Fp2, 
AF7, AF3, AFz, F1, F5, FT7, FC3, C1, C5, TP7, CP3, P1, P5, PO7, PO3, 
POz, PO4, PO8, P6, P2, CPz, CP4, TP8, C6, C2, FC4, FT8, F6, AF8, AF4, 
and F2). The electrodes are mounted on the participant’s scalp based 
on the international 10–10 system to measure the EEG data. Ground 
and reference electrodes were attached at Fpz and FCz, respectively.
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Table 2
Result of factor analysis for 6 contrasting adjective pairs.
 Adjective pairs Factor 1 Factor 2  
 Reassured–Concerned 0.810  
 Stable–Unstable 0.806  
 Certain–Uncertain 0.787  
 Comfortable–Inconvenient 0.762  
 Impressive–Normal 0.881  
 Interesting–Uninteresting 0.870  
 Var 3.8598 2.1883  
 % Var 0.429 0.243  
 Stability Favorability 

Fig. 12. Classification map of emotion scores on two-dimensional emotion 
plane with two emotion axes of stability and favorability. Participants’ emo-
tions are triggered by four design parameters (MR, FR, MS, FS).

3.3.4. Translation of satisfaction levels
This section explains how the two-dimensional emotion axes: stabil-

ity and favorability are derived and translated into satisfaction levels. 
After each interaction, participants evaluate the response type using 
emotional adjectives, which are analyzed through Kansei engineer-
ing [63] to capture emotional impressions. Six key Kansei word (KW) 
clusters are rated on a 7-point semantic differential scale. Based on 
correlations among the KW ratings, two underlying psychological fac-
tors are extracted using statistical factor analysis, as shown in Table 
2, following the procedure described in [64]. The KWs ‘‘reassured’’, 
‘‘stable’’, ‘‘certain’’, and ‘‘comfortable’’ load onto factor 1, forming the 
stability axis, while ‘‘impressive’’ and ‘‘interesting’’ load onto factor 2, 
forming the favorability axis. It should be noted that the term ‘‘factor’’ 
here refers to latent psychological dimensions derived from statisti-
cal factor analysis, which is distinct from the feature representations 
learned by the neural networks used in the FER and EER models. 
Thus, stability and favorability are empirically identified as primary 
emotional dimensions that collectively represent all six KWs.

Based on these derived emotional axes, ratings of six KWs are 
converted into factor scores by considering the correlations between 
the scores of the six adjective pairs. That is, factor scores are obtained 
as stability score and favorability score to be mapped to the 2-D plane. 
Fig.  12 shows the mapping of the stability–favorability scores in the 2-D 
plane for 120 trials of interaction. The four different color-coded points 
refer to the emotion scores of each trial triggered by the four response 
types (MR, FR, MS, FS). Considering that each of the 32 participants 
interacted with the VUI for 120 trials and each design parameter is 
presented 30 times equally, 3840 sets of stability–favorability scores 
are mapped in the plane. Based on this map, multimodal signals are 
classified into four groups according to the four quadrants. To this end, 
positive emotion scores greater than 0 are considered as satisfied (○), 
while negative emotion scores less than 0 are classified as dissatisfied 
(×). Therefore, each set of multimodal signals for one trial is labeled as 
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Table 3
A complete list of the interaction and corresponding emotional satisfaction.
 Trial Section Design Participant question Stability Favorability Quadrant 
 number of trial parameter  
 1 Rotate FS What is the flower language of red roses? 0.45 0.35 Q1  
 2 Rotate FR Recommend me good food for diabetes. 0.60 0.54 Q1  
 3 Rotate MR How many calories are in tomatoes? 0.66 0.32 Q4  
 4 Rotate MS What is the distance from the earth to the sun? 0.28 0.35 Q3  
 5 Adjustment FR Where is the Grand Canyon located? 0.95 0.72 Q1  
 6 Repeat FR How many Ikea stores are in Korea? 0.95 0.86 Q1  
 7 Repeat FR Tell me about the benefits of red ginseng. 0.91 0.62 Q1  
 8 Repeat FR What is the PCR test? 0.85 0.66 Q1  
 9 Repeat FR Who was the first to coin the term quantum mechanics? 0.46 0.39 Q3  
 10 Degradation FR Tell me the number of public holidays in Korea this year. 0.46 0.35 Q3  
 11 Rotate MR What materials are needed to make a mulled wine? 0.43 0.52 Q2  
 12 Rotate FS Which animal has the longest lifespan? 0.36 0.29 Q3  
 13 Rotate MS How many neck bones does a giraffe have? 0.46 0.48 Q2  
 14 Rotate MR When is Joseon National day? 0.65 0.60 Q1  
 15 Adjustment MR What is the proper indoor temperature in winter? 0.96 0.78 Q1  
 16 Repeat MR Tell me about the principle of spin free kick. 0.84 0.92 Q1  
 17 Repeat MR What is the official language of the United Nations? 0.58 0.95 Q1  
 18 Repeat MR What is the angle of the Leaning Tower of Pisa? 0.61 0.59 Q1  
 19 Repeat MR Is the Dead Sea a lake or a sea? 0.76 0.64 Q1  
 20 Repeat MR What is the smartest dog breed? 0.98 0.88 Q1  
Fig. 13. Frequency of the number of each response type in each quadrant 
obtained by the subject participated in both procedure of training dataset 
generation and the demonstration.

one out of four labels (S: ○/F: ○, S: ○/F: ×, S: ×/F: ×, S: ×/F: ○) in 
the stability–favorability plane. By doing so, the classified satisfaction 
states are translated into final emotion states.

4. Results and discussion

The proposed VUI framework provides user-adaptive feedback by 
considering the users’ emotional and satisfaction state (satisfied/
dissatisfied). In the experiment, the user interacted with the VUI 
system which is designed to trigger a change in the users’ emotions. 
The changes in emotion was measured using the probability of being 
satisfied or dissatisfied. Table  3 shows the complete list of interaction 
trials between the VUI and the subject with English-translated user 
questionnaire speech from Korean. In Table  3, the section of each 
trial is presented, mentioned above in Section 2.2. In the first trial, 
the customizing model starts to survey the user’s satisfaction rate by 
randomly picking the response type. In the rotate section, it is shown 
that the customizing model determines that the ‘FR’ type is mapped to 
‘Q1’. This indicates that the corresponding type induced the ‘satisfied’ 
state for both emotions of stability and favorability. In the second trial, 
the emotion recognition result shows the probability higher than the 
decision boundary 0.5 for both emotion axes. Thus, the customizing 
model automatically adjusts the response type to ‘FR’ and repeat the 
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Table 4
Comparison of Mean and Std between ground truth and real-time.
 Stability
 Type Mean Std Mean Std  
 MR 0.639 0.155 0.715 0.213 
 MS 0.428 0.145 0.405 0.063 
 FR 0.714 0.158 0.718 0.182 
 MS 0.425 0.141 0.370 0.127 
 Favorability
 Type Mean Std Mean Std  
 MR 0.694 0.177 0.621 0.148 
 MS 0.417 0.093 0.435 0.120 
 FR 0.710 0.209 0.621 0.160 
 MS 0.412 0.097 0.420 0.084 

‘FR’ type on the following trial. While repeating ‘FR’, the customizing 
model simultaneously monitors the probability value and checks if the 
value degrades more than two trials. In trials 9 and 10, the emotion 
recognition model captures the degradation of satisfaction for ‘FR’ 
type. Therefore, the customizing model re-executes the rotate section 
during trials 11 to 14. Through this, the model figures out that new 
type ‘MR’ induced the highest emotional satisfaction in both stability 
and favorability. Thus, the customizing model adjusts the response 
type to ‘MR’ type and repeats it from trial 15. Based on this testing 
procedure, it was confirmed that the subject prefers when the VUI 
interacts with the user in ‘FR’ and ‘MR’ type. Fig.  13 summarizes the 
participant’s preferences for response types with a histogram showing 
the frequency of each response type mapped to each quadrant. Each 
quadrant is decided based on the stability score and favorability score, 
which are derived from the participant’s self-rated emotion ratings. 
As shown in Fig.  13, ‘MR’ type evoked the seemingly high frequency 
of ‘satisfied’ state in both emotion axes, such that mapped to the 
‘Q1’ accordingly. Consecutively, ‘FR’ type showed the second highest 
frequency in ‘Q1’. In contrast to the satisfied emotional responses, ‘MS’ 
and ‘FS’ types incurred relatively less satisfied response from the user. 
This observation is aligned with the real-time test result, where the 
proposed VUI provided the ‘MR’ and ‘FR types the most.

For a more thorough comparison, Fig.  14 quantitatively shows 
the distribution of data of real-time test results addressed above and 
annotated training dataset. The annotated training dataset contains the 
subject’s self-reported scores for emotion axes defined by the ground 
truth. Each graph shows the satisfaction level of stability and favor-
ability toward the response types. The emotion outputs predicted by 
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Fig. 14. Comparison of satisfaction level between the real-time test result and the annotated training dataset. The probability from the real-time test and the 
normalized emotion score are compared for stability and favorability.
the emotion recognition models are presented along with their corre-
sponding response types and are quantified using the probability value 
listed in Table  3. Table  4 summarizes the comparison of stability and 
favorability measures for different interaction types under both ground 
truth and real-time test result conditions. Looking at the mean values 
of the ground truth and real-time test results, ‘MR’ and FR’ types show 
relatively higher satisfaction values than the remaining types. In this 
work, the emotion recognition model produces probabilistic outputs 
for satisfaction states, which are directly utilized by the adaptive VUI 
system. Therefore, the evaluation focuses on probability distributions, 
temporal consistency across interaction trials, and agreement with 
self-reported ground-truth emotional scores. Unlike conventional stan-
dalone classification tasks, the proposed framework is designed as an 
interactive system, where model outputs are used for real-time response 
adaptation. While standard classification metrics such as precision, 
recall, and F1-score can provide complementary insights, they are not 
the primary evaluation criteria in this work, as they do not fully capture 
the effectiveness of adaptive interaction behavior.

The experimental results demonstrate that the proposed multimodal 
VUI framework achieves effective emotion recognition with low latency 
under on-device deployment. The combination of structured pruning 
and quantization enables significant model compression while main-
taining competitive performance, supporting real-time operation in 
resource-constrained edge environments. However, several limitations 
should be noted. First, the current evaluation is conducted on a rela-
tively homogeneous participant group, which may limit generalizability 
across broader populations. Second, while the system shows stable 
performance under controlled experimental conditions, its robustness 
under diverse real-world environments has not been fully evaluated. 
Factors such as ambient noise, EEG signal variability, and device-level 
constraints (e.g., thermal throttling and battery limitations) may affect 
performance in practical deployment scenarios. Basic preprocessing 
steps (e.g., face detection and EEG filtering) are applied to mitigate 
moderate noise and signal variations, and the lightweight on-device 
design supports stable operation under such constraints. Third, the 
current framework mainly focuses on EEG signals and facial expressions 
for lightweight emotion recognition, while non-speech auditory cues 
are not explicitly incorporated. However, non-speech auditory cues can 
also influence user emotion, attention, and interaction behavior. Pre-
vious studies have shown that sonic feedback can guide representation 
learning and exploration behavior [65], while sonic overlays can enrich 
the user experience of voice assistants beyond speech-only interaction 
[66]. More recent studies further demonstrate that dynamic natural 
soundscapes based on physiological data can support stress-related 
self-reflection and user experience [67], and that auditory sensations 
significantly affect human emotional responses in both subjective and 
physiological dimensions [68]. These findings suggest that non-speech 
auditory information can be used not only as a supplementary feedback 
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signal but also as an active component of emotion-aware interaction de-
sign. Therefore, non-speech auditory cues could be integrated into the 
proposed framework either as an additional input modality for emotion 
inference or as an adaptive feedback channel for emotion-sensitive re-
sponses. For example, auditory overlays or affective sound cues may be 
dynamically adjusted according to the recognized emotional state of the 
user. Exploring the joint use of physiological, visual, and non-speech 
auditory information remains an important direction for future work. 
From a privacy perspective, the framework processes sensitive biomet-
ric data (e.g., EEG and facial signals) entirely on-device, without trans-
mitting raw data to external servers. This design inherently reduces 
potential data leakage risks and supports privacy-preserving operation. 
Nevertheless, system-level considerations such as data retention poli-
cies, encryption mechanisms, user consent workflows, and compliance 
with privacy regulations (e.g., GDPR) are not fully addressed in this 
study. Future work will focus on large-scale and cross-cultural val-
idation, comprehensive evaluation under diverse environmental and 
hardware conditions, and the integration of privacy-aware system-level 
mechanisms for real-world deployment.

5. Conclusions

The study enhances the adaptiveness of VUIs by recognizing users’ 
emotional states from facial expressions and EEG signals. A multi-
modal dataset was collected using different VUI response types to 
elicit emotions in realistic interaction scenarios, enabling the devel-
opment of a user-adaptive VUI that interprets emotional cues and 
adjusts its response style accordingly. Two emotion axes (stability and 
favorability) were derived from self-rated emotion scores to represent 
emotional coherence and evaluative preference. To support deployment 
on resource-constrained edge devices, the framework was optimized 
using CLR-RNF pruning and post-training quantization. Which signif-
icantly reduced model size and computational load while maintaining 
high accuracy. Future work will focus on full hardware deployment and 
real-world testing to realize real-time, emotionally intelligent VUIs for 
next-generation human–machine interaction.
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